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Abstract

Artificial intelligence (Al) technologies have been increas-
ingly integrated into human workflows. For example, the us-
age of Al-based decision aids in human decision-making pro-
cesses has resulted in a new paradigm of Al-assisted decision
making—that is, the Al-based decision aid provides a deci-
sion recommendation to the human decision makers, while
humans make the final decision. The increasing prevalence of
human-AlI collaborative decision making highlights the need
to understand how humans engage with the Al-based deci-
sion aid in these decision-making processes, and how to pro-
mote the effectiveness of the human-Al team in decision mak-
ing. In this talk, I’ll discuss a few examples illustrating that
when Al is used to assist humans—both an individual deci-
sion maker or a group of decision makers—in decision mak-
ing, people’s engagement with the Al assistance is largely
subject to their heuristics and biases, rather than careful de-
liberation of the respective strengths and limitations of Al and
themselves. I'll then describe how to enhance Al-assisted de-
cision making by accounting for human engagement behavior
in the designs of Al-based decision aids. For example, Al rec-
ommendations can be presented to decision makers in a way
that promotes their appropriate trust and reliance on Al by
leveraging or mitigating human biases, informed by the anal-
ysis of human competence in decision making. Alternatively,
Al-assisted decision making can be improved by developing
Al models that can anticipate and adapt to the engagement
behavior of human decision makers.

Introduction

The rapid development of artificial intelligence (Al) tech-
nologies has made profound impact on the human society
in the past decade. For example, the rise of Al-based deci-
sion aids has fundamentally transformed how decisions are
made. In the past, given a decision making task, it is usu-
ally humans who will process the task, deliberate about dif-
ferent decision options, and make the decision. Today, as
Al models are developed to uncover hidden insights from
the big data, given a decision making task, decision aids
powered by Al models can provide decision recommenda-
tions, which will then be presented to human decision mak-
ers to assist them in their final decision making. This new
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paradigm of “Al-assisted decision making” implies that de-
cision making nowadays is a collaborative task that is jointly
completed by humans and Al. The promise is that with the
human judgment and contextual awareness coupled with the
analytical prowess and data-driven insights of AI, humans
and Al can complement each other and achieve a level of
decision making performance that exceeds the performance
of either party alone.

In practice, however, it is found that such “human-Al
complementarity” is rarely achieved (Hemmer et al. 2021;
Tan et al. 2018). Our research suggests that a fundamen-
tal reason behind this unsatisfactory human-Al team perfor-
mance in Al-assisted decision making is a lack of sufficient
and effective engagement with Al among the human deci-
sion makers—instead of carefully analyzing the respective
strengths and limitations of Al and themselves, human de-
cision makers tend to engage with Al-based decision aids in
a heuristic and biased way that results in uncalibrated trust
and reliance on Al. As such, enhancing Al-assisted deci-
sion making requires a fundamental rethinking of the de-
signs of Al-based decision aids. That is, instead of simply
providing the most “accurate” decision recommendations,
Al-based decision aids should be designed to account for
humans’ engagement behavior and strive to cultivate and op-
timize the engagement of human decision makers from the
outset. This goal can be achieved by both introducing in-
terventions in Al-based decision aids to influence humans’
engagement behavior, and incorporating considerations of
humans’ engagement behavior in the training objectives of
the Al models underlying the decision aids.

In the following, we will provide examples illustrating
how humans engage with Al-based decision aids in prac-
tice, and how to account for human engagement behavior in
the designs of Al-based decision aids to improve the human-
Al team performance when Al supports either individuals or
groups in their decision making.

Accounting for Engagement Behavior When
Al Assists Individuals in Decision Making

Understanding human engagement behavior. Previous
research has shown that when Al-based decision aids as-
sist an individual decision maker’s decision making, the
individual’s trust in the AI model’s decision recommen-



dations as well as how much they are willing to rely on
these recommendations are largely shaped by the Al model’s
performance (Yin, Wortman Vaughan, and Wallach 2019;
Rechkemmer and Yin 2022). However, in practice, there
are many scenarios that humans need to engage with the
Al model’s decision recommendations without knowing any
performance information about the Al model. How will hu-
mans decide how much to trust and rely on the Al recom-
mendations in this case?

One of our key observations is that in such scenarios,
humans often leverage their confidence in their own inde-
pendent judgement to decide how to engage with Al This
is because they tend to believe they are correct when they
are confident (despite this is not always true as humans
may sometimes suffer from the “Dunning-Kruger effect”).
More specifically, it was found that when the performance
information about the AI model is absent, humans are more
likely to rely on their own judgement when their own de-
cision confidence is high, while they are more receptive to
Al recommendation when their own decision confidence is
low (Wang, Lu, and Yin 2022; Chong et al. 2022). In addi-
tion, the level of agreement between the Al recommendation
and humans’ independent judgement on those decision mak-
ing tasks where humans are highly confident about their own
judgement also significantly impacts humans’ trust and re-
liance on Al—the higher the level of agreement, the more
humans trust and rely on the Al recommendation (Lu and
Yin 2021). In other words, humans tend to use the level of
high confidence human-Al agreement as a heuristic to gauge
the trustworthiness of the Al model, which may, to some de-
gree, reflect humans’ “confirmation bias” towards Al. Such
biased engagement behavior may result in humans’ over-
reliance (or under-reliance) on Al simply because Al tends
to agree (or disagree) with humans. Even worse, such bias
may lead to the lowest level of human-Al team performance
in decision making when humans are assisted by the most
“complementary” Al model (since complementary Al ex-
cels at different tasks than humans and therefore tends to
disagree with humans).

Designing Al-based decision aids to account for human
engagement behavior. In light of our understandings of
individual decision makers’ biased engagement with Al-
based decision aids, we next explore how to design Al-based
decision aids to account for the human engagement behav-
ior. One possibility is to facilitate humans to engage with Al
more “rationally” through analyzing humans’ true compe-
tence on different decision making tasks, especially in rel-
ative to Al (Ma et al. 2023). Specifically, given a decision
making task, we may estimate the correctness likelihood of
both humans’ independent judgement and the Al recommen-
dation on this task. Depending on the correctness likelihood
comparison of humans and Al, we can dynamically change
how Al recommendation is presented to humans to nudge
humans to rely more on the party who has the higher cor-
rectness likelihood. For example, when the human’s correct-
ness likelihood is estimated to be lower than that of the Al
model’s on a task, we can directly present the Al recommen-
dation to the human decision maker upfront. Otherwise, we
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can ask the human decision maker to make an independent
judgement before seeing the Al recommendation—this ef-
fective serves as a “cognitive forcing function”, which has
previously been shown to decrease humans’ reliance on Al
recommendations (Buginca, Malaya, and Gajos 2021).

A complementary approach is to accept humans’ biased
engagement behavior as is, and incorporate such human
behavior into the Al training process to obtain “behavior-
aware” Al models that can directly optimize for the human-
Al team performance. For example, as humans are found to
rely on Al recommendation more when their self-confidence
is low, an intuitive idea is that the AI model can be trained
to excel on those tasks where humans have low confidence
themselves and therefore “need” accurate Al recommen-
dation more. We have shown that under a threshold-based
model characterizing when humans will adopt the Al recom-
mendation, training an Al model to optimize for the human-
Al team performance in decision making effectively be-
comes solving a weighted empirical risk minimization prob-
lem, where the weight associated with each training instance
is inversely proportional to the human decision maker’s self-
confidence on it (Mahmood, Lu, and Yin 2023). Human-
subject studies further confirm that when humans are as-
sisted by a behavior-aware Al model, they can achieve a
significantly higher level of decision making accuracy than
those who are assisted by the standard AI model.

Accounting for Engagement Behavior When
Al Assists Groups in Decision Making

Understanding human engagement behavior. In real
life, many decisions are made by a group of decision makers
rather than an individual decision maker, and Al-based de-
cision aids can also be used to support a group of decision
makers in their decision making. A natural question of in-
terests is how a group of decision makers may engage with
Al-based decision aids similarly or differently than an indi-
vidual decision maker. Our comparative study (Chiang et al.
2023) shows that compared to individuals, groups exhibit
higher levels of reliance on Al recommendations in general,
which leads to both a lower level of under-reliance on Al
and a higher level of over-reliance on Al. Qualitative analy-
sis of groups’ discussion log further reveals a few possible
reasons underlying this increased level of reliance on Al
For example, some group members may use the fact that the
Al recommendation agrees with their judgement as a way to
convince other members in their group, while other groups
may use the Al recommendation as a tiebreaker when they
can not reach a consensus. Further, groups’ tendency to rely
on Al may be amplified by the “Bandwagon effect”, that is,
people may easily agree to adopt Al recommendation when
others are doing so (or suggest to do so).

Designing Al-based decision aids to account for human
engagement behavior. As groups tend to over-rely on
Al recommendations, enhancing Al-assisted group decision
making requires us to design Al-based decision aids to en-
courage groups’ critical reflection of the Al recommenda-
tion’s trustworthiness. To this end, one intuitive idea is to in-
troduce a “devil’s advocate” in group discussion during the



decision-making process to force the group engaging in thor-
ough deliberation. Traditionally, humans are asked to play
the role of devil’s advocate to present the dissenting argu-
ment, which may not be the most powerful due to a lack of
“authenticity”, and humans may even experience a threat to
their psychological safety by playing this role. To overcome
this limitation, we propose to incorporate a devil’s advocate
that is powered by large language models (LLM) into Al-
assisted group decision making (Chiang et al. 2024). Our
experimental results show that when LLMs are instructed
to argue against the Al recommendation, and when they can
actively participate in the group discussion in response to ar-
guments made by other members in the group, the presence
of these LLM-powered devil’s advocate can help groups rely
on Al-based decision aids more appropriately, and result in
higher levels of decision accuracy.

Conclusion

The human-Al team performance in Al-assisted decision
making is not only decided by humans’ and AI’s inde-
pendent decision making performance alone, but is also
largely shaped by humans’ engagement with Al-based de-
cision aids, e.g., how humans factor Al recommendations
into their final decision making. Enhancing Al-assisted de-
cision making—both when Al assists an individual decision
maker and when Al assists a group of decision makers—
requires us to first obtain a thorough understanding of how
humans engage with Al in decision making. Our research
suggests that humans often engage with Al-based decision
aids in a heuristic and biased manner, which inspires us to
re-examine the designs of Al-based decision aids to account
for these engagement behavior. We find that Al-assisted de-
cision making performance can be improved when the de-
cision aids are explicitly designed to cultivate and optimize
the engagement from human decision makers, by including
interventions to promote appropriate engagement behavior
or incorporating human behavior into the AI model’s train-
ing objectives to directly optimize for the human-Al team
performance.
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